The Intergovernmental Panel on Climate Change (IPCC) Special Report 15 on global warming ([@r1]) found that current rates of emissions will result in a temperature rise from preindustrial levels of 1.5°C by 2040. Meanwhile, recent studies have predicted that the Paris Climate Agreement ([@r2]) will fail to keep warming below the stated goal of 2°C ([@r3], [@r4]). The Special Report 15 found that coal-based electricity generation must decrease from contemporary rates of $40\%$ of global energy production to 1--$7\%$. As a result, renewable energy should compensate for this transition, increasing from $20\%$ of energy generation in 2018 to $67\%$ by 2050 ([@r1]). Wind and solar will likely comprise the bulk of these capacity additions due to their decreasing cost of electricity ([@r5]). While recent studies ([@r5]) have shown onshore wind energy to be economically favorable compared with coal and combined-cycle natural gas, such estimates are specific to sites with robust, reliable wind resource. To reach the goals of the Paris Climate Agreement, wind farms must significantly increase in number and density as well as extend to sites with less certain wind resource ([@r6]). As a result, methods to increase wind farm efficiency remain paramount to reducing carbon emissions.

While the major reason for decreased wind farm efficiency is variability in wind speed, aerodynamic losses within large arrays of turbines are also a key issue in wind farm operation ([@r7]). Due to the process of energy extraction from the atmospheric boundary layer, wind turbines necessarily produce a reduced momentum wake region immediately downstream ([@r8]). This wake will lower the power production of downstream turbines in the array. Wake power losses within a wind farm are a function of the incident wind speed and direction.

Wake losses occur when the wind speed is below the rated value ([@r9]) and turbines are at least partially aligned to the angle of the incoming wind. The mean wind speeds at the majority of wind farms are well below the rated value ([@r10]). Wind directions in the turbulent atmospheric boundary layer are inherently variable and will vary with the time of day, season, and other geophysical parameters ([@r11]). Wind farm layouts are designed to extract the maximum profit given historically observed wind direction and speed distributions, which typically results in larger streamwise turbine spacing in the most common wind directions. However, for other wind directions, wind turbines are more closely spaced ([@r12]). In worst-case scenarios of wind turbine spacing and inflow directions in contemporary wind farms, there is an over $40\%$ loss of efficiency when the wind shifts to a direction aligned with the columns of the turbines ([@r13]).

To minimize the aerodynamic losses between turbines under prevailing wind conditions, the optimal streamwise spacing has been found to be 10--$15D$, where $D$ is the turbine diameter ([@r14][@r15]--[@r16]). Modern turbines are increasing in size, with offshore turbines now above 200 m in rotor diameter ([@r17]). The corresponding spacing of turbines multiple kilometers apart significantly increases the cost of transmission lines and land use ([@r18]). As a result, wind farm designers are left with a complex multiobjective optimization problem which typically results in operational turbine spacing of $6 - 10D$ ([@r18]). At this spacing, significant aerodynamic wake losses persist in modern wind farms when the flow is aligned with columns of turbines and the wind speed is below the rated value ([@r13]).

While the influence of wake losses on wind farm efficiency can be large for some inflow directions, the cumulative impact on the annual energy production of smaller wind farms is generally lower since turbines are well spaced in directions of high wind speed. However, the impact of wake losses can be significant, as in the Horns Rev offshore wind farm where they have been found to reduce annual energy production on the order of $20\%$ ([@r13], [@r19]). With wind farms increasing in size and quantity ([@r20]), wake losses are becoming an increasingly important factor in wind farm efficiency ([@r21]). While the magnitude of wake-induced efficiency degradation will depend on the specific wind farm site, methods which can reduce wake losses, once developed, will likely be broadly applicable to the global wind energy fleet. As such, potential wake mitigation methods have been a focus for multiyear research initiatives operated by the US Department of Energy such as the Atmosphere to Electrons (A2e) campaign and the Scaled Wind Farm Technology (SWiFT) facility ([@r22]). Given the broad potential impact of a method to mitigate wake losses, we have developed a control scheme and tested it on six utility-scale turbines in a wind farm in Alberta, Canada for wind speeds and directions where wake losses have been observed historically. Our method increased the power production for these wind directions between $7\%$ and $13\%$ for moderate wind speeds near the site annual average and up to $47\%$ for low wind speeds, representing a statistically significant demonstration of wake steering power optimization for a multiturbine wind farm.

Aside from mean power production, wind turbine wakes contribute to intermittency. Intermittent power production is caused both by wind fluctuations in the turbulent atmospheric boundary layer and by the inherent nonlinearity of wind turbine power generation as a function of wind speed ([@r23]). Further, turbine wakes contribute to the lack of precise controllability of the wind farm power production. Intermittent renewable energy resources increase the need for costly energy reserve systems to guarantee grid service reliability ([@r24]). When wind speeds are low, wind turbines may oscillate about the cut-in speed as a result of wind gusts and dynamic wake meandering ([@r25]). Control methods which reduce the variability of the power production of wind farms, measured here as the SD of the time record of power generation, can decrease the ancillary service requirements for the energy grid ([@r26]). Our method, applied at the wind farm in Alberta, Canada, reduced the SD of the wind farm power production up to $72\%$ for the wind conditions of interest.

Wake Steering Control {#s1}
=====================

Recent attention has focused on mitigation of wake losses through the use of turbine control protocols and systems optimization that sacrifices individual turbine performance to improve the collective wind farm performance. Several studies have attempted to optimize the power generation of a wind farm through the operation of the upstream turbine in a suboptimal state to increase the efficiency of a downstream turbine ([@r27], [@r28]), but the results have not yet provided a conclusive solution that can be extrapolated to arbitrary wind farm configurations ([@r29]).

Contemporary turbine operation minimizes the yaw misalignment angle, which is the angle between the axis of the turbine nacelle and the incoming wind direction. While wind turbines typically exhibit small yaw misalignment due to control errors and sensor noise and uncertainty ([@r30]), the goal of industrial control algorithms is to minimize this yaw. When misaligned with respect to the incoming wind, wind turbines impose a lateral forcing which deflects the wake region ([@r31]), as sketched in [Fig. 1*A*](#fig01){ref-type="fig"}. While the misaligned turbine generates suboptimal power, the wake may no longer directly impinge upon a downstream turbine as a result of the wake steering. An application of wake steering for a six-turbine wind farm is shown in [Fig. 1 *B* and *C*](#fig01){ref-type="fig"}. Such a control strategy has been shown to be beneficial for downwind turbines in a number of wind tunnel experiments ([@r32], [@r33]) and computational studies ([@r34][@r35][@r36]--[@r37]). Wake steering has also been used in a two-turbine field experiment which demonstrated an increase in the downwind turbine power production as a function of the atmospheric stability ([@r38]). The impact of wake steering on the sum of the upwind and downwind turbines' power production was inconclusive in a separate two-turbine field experiment ([@r39]). Here we demonstrate a statistically significant effect of wake steering in a field study with a six-turbine unit.

![(*A*) A wind turbine with diameter $D$ yawed at angle $\gamma$ with respect to the incoming wind and viewed from above. The incoming wind at speed $u_{\infty}$ is incident from the left. The centerline of an unyawed, standard operational wake would follow the dashed blue line. The centerline of the yawed wake follows the solid red line. (*B* and *C*) Wake model streamwise velocity field for baseline maximum power point tracking control (*B*) and optimal yaw control (*C*). The incoming wind speed at the most upstream turbine is $u_{\infty} = 7.5\,{m \cdot s}^{- 1}$ and there are six turbines modeled. The wake following turbine six is not shown since the wake model automatically neglects calibration of the parameters for turbine six to increase computational efficiency.](pnas.1903680116fig01){#fig01}

Due to experimental difficulty and computational expense, parametric studies and real-time wind farm power optimization are limited with previous approaches ([@r29]). As such, the development of an accurate and computationally efficient model for wind farm power generation as a function of wake steering actuation is required to facilitate real-time closed-loop control ([@r40]).

Site-Specific Power Optimization {#s2}
================================

The wind turbine power, $P$, is a function of the wind farm layout and inflow conditions. Additionally, a wind turbine's power production is a function of its yaw misalignment angle as well as the yaw misalignment of upstream turbines which manifests as wake deflections. We have developed an analytic formulation to predict wind turbine power production as a function of atmospheric conditions and the yaw misalignment decisions of upwind turbines. Wake steering is captured using a recently developed lifting line model ([@r41]). While the magnitude of wake steering ([@r42]) and the wind speed and direction ([@r43]) are functions of the vertical dimension, the measurements available at the site in the present study were limited to pointwise sensors at hub height. While the incorporation of the curled-wake three dimensionality ([@r42]) may improve the model accuracy in certain atmospheric conditions, a 2D model is sufficient to capture the key physics for the present wind farm experiment. Details of the analytic predictive wake model are given in [*SI Appendix*](https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1903680116/-/DCSupplemental). The maximization of the wind farm power production through the use of wake steering is posed as an optimization,$$\begin{array}{rlrl}
 & \underset{\overset{\rightarrow}{\gamma}}{\text{maximize}} & & {\sum\limits_{i = 1}^{N_{t}}P_{i}} \\
 & \text{subject\ to} & & {\gamma_{i} \in \left\lbrack {\gamma_{\mathit{min}},\gamma_{\mathit{max}}} \right\rbrack,} \\
\end{array}$$where $\gamma_{i}$ is the yaw angle for turbine $i$, $N_{t}$ is the number of turbines, and $\gamma_{\mathit{min}}$ and $\gamma_{\mathit{max}}$ are bounds on the yaw misalignment for each turbine. [Eq. **1**](#eq1){ref-type="disp-formula"} is not convex but can be optimized using a number of algorithms. Similar studies have previously used genetic algorithms ([@r44]) or discrete gradients ([@r35]). Since we have developed an analytic function to predict wind farm power production, [Eq. **1**](#eq1){ref-type="disp-formula"} can be optimized efficiently using analytic gradients combined with the common gradient ascent strategy called Adam optimization ([@r45]).

Site-Specific Wake Model Calibration {#s3}
====================================

The model ([*SI Appendix*](https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1903680116/-/DCSupplemental)) is calibrated using utility-scale field historical data from five 1.8-MW Vestas V80 wind turbines and one 2.0-MW Vestas V80 turbine at an operational wind farm in Alberta, Canada. The six turbines in the wind farm are aligned at ∼335°, where north is 0° and the angle proceeds clockwise to 360° at north again. With wind inflow from 335°, the turbines are spaced by ∼$3.5D$ in the prevailing wind direction. The wind inflow conditions are prescribed by the supervisory control and data acquisition (SCADA) nacelle-mounted measurements of wind speed and nacelle direction. Turbulence intensities were not measured in the present study due to the wind turbine hardware limitations. Details of the wind condition measurements are discussed in [*SI Appendix*](https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1903680116/-/DCSupplemental). Five years of 1-min averaged SCADA operational data, including power, nacelle direction, and wind speed, were used to calibrate the proportionality constant of the presumed Gaussian wake and the wake spreading coefficient. The latter parameter dictates the wake diameter which is a function of the streamwise distance following a wind turbine. This model allows each turbine to have independent values for the two model parameters, since these parameters are known to be a function of the atmospheric boundary layer conditions ([@r46]) as well as the number of upwind turbines ([@r47]). The model parameters were determined using analytic gradient descent ([*SI Appendix*](https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1903680116/-/DCSupplemental)). The resulting calibrated model using the nocturnal historical baseline data is shown in [Fig. 2](#fig02){ref-type="fig"} for 330° ± 5° inflow at $u_{\infty} = 5 - 6\,{m \cdot s}^{- 1}$ and $u_{\infty} = 7 - 8\,{m \cdot s}^{- 1}$. The power productions are normalized by the power of the most upwind turbine. The second turbine, on average, produces ∼$30\%$ and $40\%$ of the upstream turbine's power in the low and moderate wind speed cases, respectively. Wake losses are larger for lower wind speeds due to the higher relative thrust that the turbine imparts upon the velocity field at low wind speeds.

![(*A* and *B*) Wake model calibration using 5 y of historical SCADA turbine power data for inflow from 330° ± 5° for (*A*) $u_{\infty} = 5 - 6\,{m \cdot s}^{- 1}$ and (*B*) $u_{\infty} = 7 - 8\,{m \cdot s}^{- 1}$. Error bars represent 1 SD in the data. Turbine 4 is a Vestas V80 2.0-MW machine while the rest are Vestas V80 1.8 MW. The turbine power productions are normalized by the most upwind turbine $P_{1}$.](pnas.1903680116fig02){#fig02}

The model fit for the moderate wind speed has mean absolute error of 0.02 while the low wind speed fit has mean absolute error of 0.09 (given as a ratio normalized by the power of the first turbine). The less accurate fit in the low wind speed bin is expected due to the inherent nonlinearity at the effective cut-in velocity of $5\,{m \cdot s}^{- 1}$ for the Vestas V80 turbines at the site of interest. Specifically, above cut-in, the turbine generates power and imparts drag on the fluid, creating a wake region. Below the cut-in, zero power is produced and no significant wake region exists. Due to dynamic wake meandering, downstream turbines will fluctuate between cut-in and shutdown for very low wind speeds and static models that consider only time-averaged behavior are not able to capture these dynamics as well ([@r48]). This is illustrated in [Fig. 2*A*](#fig02){ref-type="fig"} where zero power production occurs within 1 SD of the mean. Since the yaw controller on the Vestas V80 turbines did not allow for dynamic yaw maneuvers, such dynamic extensions were not applicable in the modeling framework. Wake model calibrations for other northwest wind inflow directions and speeds are not shown for brevity.

Field Experiment Design {#s4}
=======================

While the wind farm in Alberta was designed for high-speed flow from the southwest, nocturnal low to moderate wind speeds from the northwest occur during the summer and fall. The present experiment aimed to optimize the yaw misalignment angles for these wind speeds from the northwest for which there are significant wake effects.

The yaw misalignment optimization was run with the calibrated model for inflow from 315° to 355° for which wake losses are observed. These angles represent $\sim 8\%$ of the nocturnal operation of the wind farm with nearly all of the samples occurring in the summer and fall seasons. The historical data wind rose is shown in [*SI Appendix*, Fig. S1*A*](https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1903680116/-/DCSupplemental). The yaw angle optimization resulted in ∼20° clockwise yaw misalignment with respect to the incoming wind for each of the first five turbines in the column and zero misalignment for the turbine that was farthest downwind. Due to the hardware limitations of the yaw control systems of the wind turbines, only one set of yaw misalignment angles could be chosen for the range of northwest inflow. Therefore, the misaligned turbines were persistently offset by 20° for all northwest inflow directions, from 315° to 355°. While turbulence intensity measurements were not available at the wind farm site, the nocturnal operation typically results in fairly low turbulence intensity and therefore larger wake losses due to suppressed mixing in the wakes ([@r11]). Details of the yaw misalignment optimization are given in [*SI Appendix*](https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1903680116/-/DCSupplemental). Other yaw misalignment angles were not tested due to experimental limitations of implementation and to increase the number of unique days of experimentation with one set of misalignments. The longer experiment duration was necessary to achieve statistical confidence.

The present control-based optimization strategy was tested in a full-scale field experiment of the six utility-scale turbines from October 15 until October 25 of 2018. A photo of the yaw-misaligned turbines can be seen in [Fig. 3*A*](#fig03){ref-type="fig"}. A top-view sketch of the optimal yaw angles for reference inflow from the northwest can be seen in [Fig. 3*B*](#fig03){ref-type="fig"}.

![(*A*) Photo of the six Vestas V80 turbines at the operational wind farm in Alberta, Canada. (*B*) Top view of the optimized yaw misalignment for the six turbines. The flow originates from the northwest, the inflow condition of interest for the present optimization experiment. Turbines one through five are misaligned 20° clockwise with respect to the incoming wind. Turbine six is not misaligned. Coordinates are in meters. (*C* and *D*) The power as a function of turbine number is compared for baseline operation with 5 y of historical SCADA data (blue circles), the experimental yaw campaign (green triangles), and the model predictions (red diamonds) based on the calibrations given in [Fig. 2](#fig02){ref-type="fig"}. The inflow conditions are shown for 330° ± 5° at (*C*) $u_{\infty} = 5 - 6\,{m \cdot s}^{- 1}$ and (*D*) $u_{\infty} = 7 - 8\,{m \cdot s}^{- 1}$. Error bars represent 1 SD in the data.](pnas.1903680116fig03){#fig03}

Field Experiment Results {#s5}
========================

Significant power increases over the baseline were observed for low to moderate wind speeds from the northwest. The impact of the wake steering on the mean and SD of the power production for the northwest inflow conditions is shown in [Table 1](#t01){ref-type="table"}. Wind directions and speeds with more than 15 1-min--averaged data samples are shown.

###### 

Six utility-scale wind turbine wake steering effects on the mean ($\Delta_{m}$), SD($\Delta_{s}$), and off rate of power production compared with the baseline operation

               Experimental results                     
  ----- ------ ---------------------- ------- ---- ---- ----
  320   5--6   −13                    −53     31   24   65
  325   5--6   $+ 47$                 −20     36   13   52
  325   6--7   $+ 24$                 $+ 2$   24   12   25
  330   5--6   $+ 28$                 −14     27   10   17
  330   7--8   $+ 13$                 −72     18   0    22
  335   7--8   $+ 7$                  −73     12   0    22

Conditions of northwest inflow with more than 15 1-min--averaged samples are shown.

For low wind speeds of $u_{\infty} = 5 - 6\,{m \cdot s}^{- 1}$ and 325° ± 5° inflow, the total power of the six turbines increased from a temporal average of 390 kW to 570 kW, representing a $47\%$ increase. Meanwhile, for 330° ± 5° inflow at $u_{\infty} = 5 - 6\,{m \cdot s}^{- 1}$, the power increase was $28\%$ ([Fig. 3*C*](#fig03){ref-type="fig"}). The large percent increases in these cases are due to the low power production at low wind speeds and the proximity of the wind speeds to the cut-in speed of $5\,{m \cdot s}^{- 1}$. The significant improvement in these two cases can be attributed to the deflection of the upstream wakes. Partial wake overlap occurs when a section of the wind turbine rotor area is in the wake of an upwind turbine while another section is in unperturbed, freestream flow. Such a case occurs for the six turbines with flow from 325° to 330°. During the partial wake scenario, a small yaw misalignment for the upwind turbine can result in the downstream turbine operating exclusively in freestream conditions. The reduction in the occurrence of partial waking is beneficial for power generation and significantly reduces turbine fatigue and failure ([@r49]). The model captures the influence of yaw misalignment in the partial wake scenario as shown in [Fig. 1 *B* and *C*](#fig01){ref-type="fig"}, where the wakes of the upstream turbines are deflected away from downstream turbines. The wakes impact the downstream turbines more directly at 330° than at 325°. As a result, larger wake deflections are required at 330° than at 325° to steer the wake away from the downstream turbines. Therefore, the anticipated power increase is higher for 325° where the partial wake scenario is most prominent.

For the higher wind speed of $u_{\infty} = 7 - 8\,{m \cdot s}^{- 1}$ from 330° ± 5° the total power increased from 1.86 MW to 2.11 MW, a $13\%$ increase ([Fig. 3*D*](#fig03){ref-type="fig"}). The percentage increase is less in the higher wind speed cases as a result of the decreased wake effects at these speeds.

Flow directly impinging along the alignment of the wind farm column at 335° ± 5° occurred significantly only at wind speeds between $u_{\infty} = 7 - 8\,{m \cdot s}^{- 1}$. For these conditions, the power production of the six turbines increased by $7\%$. Wind farms are typically sited at locations in which the mean wind speed is around $8\,{m \cdot s}^{- 1}$ ([@r10]). Therefore, for wind farms with similar streamwise spacing and direct alignment, the $7\%$ power increase observed in this wind condition is expected on average.

Wake steering also significantly reduced the variability in the sum of the six-turbine power production, measured here as a SD in the time series of 1-min--averaged data ([Table 1](#t01){ref-type="table"}). The reduction in the SDs of the sum of power is due to the diminished wake effects between the turbines. This manifests as a notable decrease in the percentage of time the turbines are not producing power (off rate) for all wind conditions. It is worth noting that all of the wind conditions considered here are above the cut-in speed of the Vestas V80 turbines and therefore without wake effects the off rate would be $0\%$ for all wind condition cases. The high off rates in the baseline control case result from the impinging speed to a given turbine dropping below the cut-in speed. As a result of the wake steering, the percentage of time in which the speed decreases below the cut-in value for the downwind turbines has appreciably dropped.

The low-order model is able to predict the effect of the yawing action on the trends of power production in the field experiment based on calibration using only historical data ([Fig. 3 *C* and *D*](#fig03){ref-type="fig"}). As expected, the power production of turbine one (i.e., the most upwind turbine) was reduced due to operation with yaw misalignment. However, the power production of turbines two through five, and especially the farthest downwind turbine six, increased significantly. There are discrepancies in the low wind speed case shown in [Fig. 3*C*](#fig03){ref-type="fig"} as a result of the cut-in speed nonlinearity and dynamic wake meandering not captured in the model. However, the qualitative agreement with the model prediction trends promotes the use of the present model for real-time control of arbitrary, utility-scale wind farms.

The largest source of error in the present modeling framework is the functional dependence of power on the yaw misalignment angle. In the present approach, the power production as a function of yaw was assumed to follow the wind tunnel experimental result of $\cos^{2}\left( \gamma \right)$ ([@r50]). While this model works fairly well in the low wind speed case shown in [Fig. 3*C*](#fig03){ref-type="fig"}, it is inaccurate for the higher wind speed case shown in [Fig. 3*D*](#fig03){ref-type="fig"}. As a result, there is likely a functional dependency of the exponent of cosine on the incoming wind speed as well as the previously reported dependence on the turbine type ([@r44]) and shear and veer in the atmospheric boundary layer.

The power increase results are statistically significant ($P < 0.05$) according to a two-sample Kolmogorov--Smirnov test. The details of the statistical experiments are shown in [*Materials and Methods*](#s7){ref-type="sec"}. However, the statistical test does not examine the dominant causes of uncertainty, which are atmospheric boundary layer inflow conditions including wind speed and direction and the limited number of unique days of the experimental yaw campaign. The full dataset can be accessed at <https://purl.stanford.edu/rn821pp7681>.

Discussion {#s6}
==========

We demonstrate a statistically significant utility-scale field experiment of wake steering increasing the power production of a multiturbine wind farm for wind conditions which exhibit wake losses. While the impact of wake steering on annual energy production is site specific (e.g., below $0.3\%$ at this wind farm), this experiment serves as a proof of concept for the potential of wake steering to significantly mitigate wake losses which reduce the annual energy production of wind farms ([@r13]). Wake steering control also decreased power production intermittency. Since frequency regulation ancillary services are required on the timescale of minutes ([@r26]), the SDs with respect to 1-min--averaged time series of power production are relevant to energy grid planning. This demonstrates that wake steering has the potential to reduce the intermittency of wind energy and thus improve the reliability of this component of the energy grid. Advances in our understanding of the physics of wind farms, combined with improvements in modeling, design, and control optimization, will further expand the value of this renewable energy technology and its ability to provide low-cost and reliable energy for a sustainable grid.

Achieving these potential power increases in the global wind farm fleet requires an efficient computational model. The present analytic model formulation was chosen due to its computational efficiency, which facilitates its use for real-time control of utility-scale wind farms. The computational cost of previous methods scales as $O\left( {N_{x}N_{y}} \right)$, where $N_{x}$ and $N_{y}$ are the number of grid points used in the computational domain, whereas the cost of the present method scales as $O\left( N_{t} \right)$, where $N_{t}$ is the number of turbines. Typically, $O\left( 10 \right)$ grid points are used for each turbine in the wind farm ([@r34]), leading to an approximate scaling of $O\left( {100N_{t}^{2}} \right)$. Therefore, the present method has a computational reduction of at least two orders of magnitude. This scaling enables real-time model calibration and wind farm control using only a standard personal computer. Given that all utility-scale wind turbines are constructed with yaw controllers, the present control scheme can be directly implemented into any operational wind farm, thus immediately increasing the energy outputs from these sites with no additional cost.

Recent simulations have noted a potential influence of the direction of yaw misalignment on the power production in a simplified, aligned, two-wind-turbine wake steering scenario ([@r51], [@r52]). This observation has not been corroborated in all other wake steering studies and is likely a strong function of the turbine layout ([@r53]). The potential asymmetry in the power production as a function of the direction of yaw misalignment is likely caused by the curled, 3D wake ([@r42]) and the wind velocity veer and shear. Recent work suggests that this asymmetry is due to the Coriolis effect ([@r37]). These effects are the subject of ongoing modeling work ([@r36], [@r43], [@r54], [@r55]) and were therefore not included in the present framework.

Aside from the effect of yaw misalignment on power production observed here, wake steering will also have an impact on wind turbine unsteady loading and therefore mechanical fatigue. Theoretical and numerical studies have predicted that yaw misalignment can reduce or increase the mechanical fatigue loading on wind turbine blades, depending on the direction of yaw misalignment ([@r56]). However, the influence of yaw misalignment on fatigue loading is a function of the specific wind turbine and control system as recent studies have reported differing results, depending on the wind turbine of interest ([@r49], [@r57]). Further, yaw misalignment can reduce the occurrence of partial wake overlap which is known to significantly increase fatigue loading ([@r58]). In the experiment described here at a wind farm in Alberta, partial wake overlap decreased significantly. While the wind turbine fatigue loading was not measured in the present field experiment, it is the subject of future work and instrumentation at this field site. More generally, accurate predictions of the influence of yaw misalignment on the fatigue loading of all of the wind turbines in the wind farm will likely be required before the broad implementation of wake steering as the optimal control scheme for utility-scale wind farms. This is the subject of ongoing work through the Department of Energy A2e program through the use of the National Renewable Energy Laboratory's FAST simulation tool ([@r59]).

Materials and Methods {#s7}
=====================

Statistical Tests. {#s8}
------------------

The statistical significance of the experimental yaw power optimization results was tested using the two-sample Kolmogorov--Smirnov test. The Kolmogorov--Smirnov test was selected since the datasets are nonnormal distributions. The null hypothesis is that the sum of the six-turbine power generations from the baseline historical data and the experimental yaw measurements are the same distributions. The statistical test is run for the specific inflow conditions shown in [Table 1](#t01){ref-type="table"}. There are more than an order of magnitude more samples from the historical baseline dataset than for the yaw campaign due to the limited length of the field experiment. As such, the *P* values are computed using random sampling from the full distribution such that the baseline dataset has the same number of data points as the yaw misalignment experiment data. The *P* values are then averaged together as a Monte Carlo method. The resulting *P* values are shown in [Table 2](#t02){ref-type="table"}. All results are statistically significant ($P < 0.05$) except for inflow from 320° ± 5° at a speed of 5--$6\,{m \cdot s}^{- 1}$. The samples during the experimental yaw misalignment campaign are not strictly independent since they may occur during similar atmospheric boundary layer conditions. The results are similar if smaller wind speed or direction bins are used to calculate conditional averages. The full dataset can be accessed at <https://purl.stanford.edu/rn821pp7681>.

###### 

Two-sample Kolmogorov--Smirnov statistical test for the null hypothesis that the baseline historical SCADA power data and the experimental yaw misalignment power data are samples of the same distribution

               *P* values                                    
  ----- ------ ---------------------- ---------------------- ----------------------
  320   5--6   0.13                   0.14                   0.14
  325   5--6   $2.3 \cdot 10^{- 7}$   $6.1 \cdot 10^{- 4}$   $6.1 \cdot 10^{- 4}$
  325   6--7   0.043                  0.32                   0.32
  330   5--6   0.039                  0.27                   0.27
  330   7--8   $6.9 \cdot 10^{- 6}$   0.015                  0.015
  335   7--8   $8.0 \cdot 10^{- 5}$   0.03                   0.03

The Kolmogorov--Smirnov test is run with the full historical dataset (full) and with Monte Carlo sampling from the full dataset such that the number of samples is consistent between the baseline and the experimental campaign. The Monte Carlo statistical method is run for 10,000 and 100,000 random samples to demonstrate convergence.
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